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ABSTRACT

The increasing penetration of photovoltaic generation in active distribution networks (ADNs) introduces
significant operational variability and challenges for resilient network restoration. This paper proposes a
Topology-Aware Physics-Informed Reinforcement Learning (PIRL) framework for adaptive operation and
self-healing of renewable-integrated ADNs. The proposed approach integrates topology-aware network
representation, physics-informed reward guidance, coordinated distributed generation (DG) and battery
energy storage system (BESS) control, and feeder reconfiguration within a unified learning framework. The
controller is evaluated on the IEEE 33-bus ADN under different combinations of PV generation, load
demand, and feeder contingencies. Simulation results show that PIRL achieves a minimum voltage of 0.976
p.u. and reduces network power loss to 121.3 kW. Under a feeder fault, the proposed framework restores the
interrupted load within 13 min with an energy not supplied of 72 kWh and achieves a resilience index of
0.96. In addition, PIRL reaches stable policy convergence at approximately 560 training episodes with a
final normalized cumulative reward of 0.91. These results demonstrate that combining physical operating
information with adaptive reinforcement learning and coordinated DG-BESS control can improve voltage
security, network efficiency, restoration capability, and learning efficiency in renewable-integrated ADNS.

Keywords: Physics-Informed Reinforcement Learning, Active Distribution Networks, Self-Healing, Battery
Energy Storage Systems, Feeder Reconfiguration.

INTRODUCTION

The increasing deployment of renewable energy resources is transforming the operational characteristics of
modern distribution networks. Distributed photovoltaic generation, inverter-based resources, and battery
energy storage systems (BESSs) provide additional flexibility and create new opportunities for improving
the efficiency of active distribution networks (ADNs). At the same time, the variability of renewable
generation and load demand introduces continuously changing power injections and bidirectional power
flows. These effects can complicate voltage regulation and increase the sensitivity of the network to
operating disturbances (Byeon & Kim, 2024). The resulting uncertainty becomes more pronounced when the
network must respond to rapidly changing renewable output and demand conditions (Huang et al., 2022),
(Qiu et al., 2024).

Restoration following a feeder disturbance presents an additional layer of difficulty because the network
topology may no longer remain unchanged. Once a feeder fault occurs, the affected section has to be isolated
and alternative electrical paths may need to be established through switching operations. At the same time,
distributed resources must be coordinated to support the restoration process while maintaining acceptable
voltage and loading conditions. Existing approaches based on deterministic optimization and model
predictive control can provide effective solutions when network states and operating conditions are
sufficiently known (Glavic, 2019), (Byeon & Kim, 2024). Their application becomes more challenging,
however, when renewable generation, load demand, and feeder connectivity vary simultaneously.
Conventional restoration schemes may also rely on predefined switching procedures or centralized decision
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structures, which can reduce their adaptability under changing contingency conditions (Glavic et al., 2021),
(Zhou et al., 2021).

Deep reinforcement learning (DRL) has attracted increasing interest as an alternative approach for adaptive
power-system control. Rather than relying exclusively on an explicitly formulated control sequence, a
reinforcement learning agent can improve its policy through repeated interaction with the operating
environment. This characteristic has motivated applications in energy management, voltage control, and
distributed resource coordination (Z. Zhang et al., 2021), (Zhao et al., 2016). Several studies have
demonstrated the potential of learning-based methods for controlling renewable-integrated distribution
systems (B. Zhang et al., 2024), (Xu et al., 2017), (Zhao et al., 2016).

Despite these developments, two issues remain important. First, many learning-based formulations describe
the network mainly through numerical state variables and do not explicitly exploit the structural
relationships among buses and feeder branches. Such a representation may not adequately distinguish
between operating states having similar electrical measurements but different network configurations.
Second, purely data-driven exploration does not necessarily guarantee that the resulting actions satisty the
physical requirements of the distribution system. This can lead to undesirable voltage conditions, excessive
losses, unnecessary switching, or degraded performance when the operating condition differs from the
training environment (Li & Xu, 2024), (Wang et al., 2025).

The graph structure inherent in an ADN provides a natural means of addressing the first issue. Buses can be
represented as graph nodes, while feeder branches form the corresponding edges. Electrical measurements
can then be interpreted together with the network connectivity through which power flows between different
parts of the system. Recent research has explored graph-based learning to capture interactions among
network components, while physics-guided learning has been introduced to improve the physical
consistency of intelligent control decisions (B. Zhang et al., 2024), (Wang et al., 2025). In distribution
systems, such physical guidance is particularly important because voltage limits, feeder loading, power
balance, and energy-storage operating constraints must remain satisfied during both normal operation and
restoration (B. Zhang et al., 2024), (Dominguez-Garcia et al., 2024).

The combination of topology-aware learning and physical operating information is therefore particularly
relevant to resilient ADN control. Following a disturbance, the controller must not only determine suitable
control actions but also respond to the modified feeder connectivity. DG and BESS units can provide local
voltage support, active-power flexibility, and restoration assistance, but their effectiveness depends on how
they are coordinated with the prevailing network configuration. Existing resilience-oriented optimization
and artificial-intelligence approaches have made considerable progress, although renewable uncertainty,

distributed coordination, and rapid restoration remain challenging issues (Glavic et al., 2021), (Behzadi et
al., 2024).

To address these issues, this paper develops a topology-aware Physics-Informed Reinforcement Learning
framework, denoted as PIRL, for renewable-integrated active distribution networks. The framework
combines graph-based network representation, reinforcement learning, physical operating constraints,
coordinated DG-BESS control, and feeder reconfiguration. The graph component provides information
about the electrical relationships among buses and feeder sections, whereas the physics-informed
mechanism evaluates the consequences of learned actions according to the operating requirements of the
ADN. The resulting controller is intended to adapt to renewable variability and changing feeder
configurations while maintaining voltage security and restoration feasibility.

The main contributions of this study are as follows:

i) A topology-aware Physics-Informed Reinforcement Learning framework is developed for resilient
operation of renewable-integrated ADNs.

il) An electrical graph representation is incorporated into the learning process to retain the connectivity
relationships among buses and feeder sections under changing network configurations.
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iii) A physics-guided action evaluation mechanism is introduced to connect learned control decisions with
voltage, feeder loading, BESS operating limits, network losses, ENS, and switching requirements.

iv) DG reactive-power control, BESS operation, and feeder reconfiguration are coordinated within a
common control framework to address both normal operation and post-fault restoration.

v) The proposed approach is evaluated using the IEEE 33-bus ADN under renewable variability, load
changes, and feeder contingencies, with performance assessed in terms of voltage regulation, power loss,
restoration capability, and learning convergence.

System Model and Problem Formulation
Distribution Network Model

The investigated system is based on the IEEE 33-bus active distribution network equipped with photovoltaic
distributed generation and BESS units. The network represents a renewable-rich operating environment in
which variable DG output and time-dependent demand can produce changing power-flow patterns and, in
some operating conditions, bidirectional flows (Byeon & Kim, 2024), (Qiu et al., 2024). Consequently,
voltage regulation, loss minimization, and reliable service restoration are considered important operating
requirements.

The steady-state electrical behavior is described through the active- and reactive-power balance equations.
The contributions from DG and BESS units must satisfy the network demand while remaining within the
electrical limits of the distribution feeders.

N (1)
PiDG + PiBESS — Piload = Vl z Vj(Gijcoseij + BijSiTleij)
j=1

N (2)
G 4 QLBESS — l;oad =V Z (GUCOSHU + BUSlTlQU)

j=1

Where PP and QP%denote DG active and reactive power outputs, while PPESS and QBESSrepresent BESS
injections. V; is the voltage magnitude at bus 7, and G;; and B;; denote network conductance and susceptance
matrices, respectively.

Network losses are explicitly considered because inappropriate power-flow distribution can reduce the
operational benefit obtained from distributed renewable generation. The total feeder loss is determined from
the branch resistance and the corresponding active and reactive power flows.

P + Qk
P load — Z Rk
3)
Where R, represents feeder resistance, while PZ and QF denote branch active and reactive power flows.

Under variable renewable output and changing feeder conditions, network losses and voltage deviations can
vary considerably. The formulation therefore includes operating constraints to ensure that the resulting
control decisions remain compatible with the electrical characteristics of the AND (Huang et al., 2022),
(Zhou et al., 2021).

Operating Constraints

The voltage magnitude at every bus is constrained within the prescribed operating interval
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Vimin < VL < Vimax (4)
The thermal capability of each feeder is also considered
5, < Spax (5)

Where §;; is feeder apparent power and S;7'** denotes maximum thermal capacity.
Because BESS units are used as controllable resources during both normal operation and restoration, their

energy limitations are incorporated into the model. The permissible SOC range is defined by:
SOC™n" < 50C, < SOC™ax (6)

The evolution of SOC over consecutive operating periods is determined by the charging and discharging
decisions:

PdiS (7)

SOC,,, = SOC, + 1. P" — ———At

Na

Where P and n;_dnd denote charging and discharging efficiencies, respectively.

The charging and discharging efficiencies are represented by the corresponding efficiency parameters in the
original formulation.

Resilience-Oriented Objective Function

The control problem is formulated to consider both routine operating efficiency and post-contingency
recovery. Four performance indicators are incorporated: network power loss, voltage deviation, energy not
supplied, and the number of feeder switching operations required during restoration. The resulting multi-
objective formulation is expressed as:

F = aPyyss + BVioss + YENS + SSVVpen (8)
Where a,5,y,0 are weighting coefficients associated with operational objectives.

The voltage deviation index is calculated using:

N

Vaer = ZlVL - Vrefl

=1 )

The energy not supplied (ENS) index is subsequently calculated as:

T
ENS = Z(Pdemand - Pserved) At
= (10)

Tthe resilience index is used to quantify the ability of the network to recover its service following a
contingency:

P served (t)

RI(t) =
( ) Ptotal

(1D

A higher resilience-index value indicates a stronger recovery capability under the considered contingency
conditions (Glavic et al., 2021).
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Topology-Aware Physics-Informed Reinforcement Learning Framework
Framework Concept

The proposed PIRL framework combines three types of information within the control process: electrical
operating variables, network topology, and physical operating requirements. This formulation is motivated
by the fact that the condition of one bus is not independent of the buses and feeder branches electrically
connected to it.

Accordingly, the ADN is first transformed into a graph representation. Topology-related information is then
extracted using graph convolution and supplied to the reinforcement learning controller. Physical network
requirements are subsequently used when evaluating the consequences of the selected control action. The
resulting learning process therefore considers not only whether an action improves the reward but also how
that action affects the electrical operating condition of the network. This differs from conventional DRL
formulations that generally process network variables as a conventional feature vector without explicitly
exploiting feeder connectivity (B. Zhang et al., 2024), (Z. Zhang et al., 2021).

Graph-Based Network Representation

The ADN is naturally described as a graph consisting of buses and feeder connections. In the proposed
framework:

G =(V,E) (12)

Her,e V represents bus nodes and E denotes feeder connections. Each graph node contains electrical features
including voltage magnitude, power flow conditions, DG output, feeder loading, and BESS state of charge.

The connectivity between buses is represented using the adjacency matrix:

1, if buses i and j are connected
ij )
0, otherwise (14)
The graph representation is not limited to binary connectivity. The learning process is interpreted together
with branch-related electrical characteristics such as feeder impedance, loading, thermal capability, and

switching status. Consequently, branches with identical topological connectivity can still be distinguished
according to their electrical characteristics.

An important feature of the proposed formulation is that the topology representation changes whenever
feeder switching modifies the network configuration. Thus, the graph presented to the learning agent
corresponds to the current network state rather than remaining fixed throughout the entire operation. This
property is especially relevant during restoration because fault isolation and reconfiguration can alter the
available electrical paths for active- and reactive-power transfer.

Topology-Aware Feature Extraction

Following graph construction, the node information is processed through graph convolution to obtain a
representation that reflects both local electrical variables and neighboring network conditions.

g+ — 0(5—1/2145—1/2)1.1(1)“/(1) (15)

Where H®denotes graph feature embeddings, A is the augmented adjacency matrix, D represents the degree
matrix, and W® denotes trainable graph-learning parameters.

Page 24

www.rsisinternational.org


http://www.rsisinternational.org/

INTERNATIONAL JOURNAL OF LATEST TECHNOLOGY IN ENGINEERING,
MANAGEMENT & APPLIED SCIENCE (IJLTEMAS)

ISSN 2278-2540 | DOL: 10.51583EMAS | Volume XV, Issue IX September 2026

The graph convolution operation aggregates information from electrically connected buses while preserving
the structural characteristics of the feeder. Consequently, the representation associated with a given bus is
influenced by its own electrical state as well as information propagated from neighboring buses.

This feature becomes particularly useful when the network configuration changes after a fault. Under normal
conditions, the graph represents the existing feeder arrangement. After fault isolation and switching, the
connectivity matrix changes and the graph-learning process consequently generates a new topology-
dependent representation. The reinforcement learning controller can therefore base subsequent decisions on
the modified network configuration rather than on the pre-fault structure.

Reinforcement Learning State and Action

The topology-dependent representation is supplied to the reinforcement learning agent, which continuously
interacts with the ADN environment. At each decision interval, the agent receives the current electrical and
operational information.

The system state is defined by:
st = [Vi, Py, Qr, SOC, Tt (16)

Where V, denotes bus voltage magnitudes, P,and Q; represent power flow conditions, SOC; is the battery
state of charge, and T;denotes feeder topology status.

The state combines bus voltage information, power-flow conditions, BESS SOC, and feeder topology status.
This enables the agent to distinguish operating conditions according to both electrical variables and network
configuration.

The control action is expressed as:

a; = [Qpg, Ppes, SW] (17)

The action variables provide three complementary control mechanisms. DG reactive-power adjustment
contributes to voltage regulation, BESS charging and discharging provide active-power flexibility, and
feeder switching changes the network configuration during restoration. Their coordinated use allows the
same controller to address both normal operation and contingency recovery.

Policy Optimization

The reinforcement learning policy is trained to maximize the accumulated reward over the operating
trajectory:

J(6) =E [i ytn]

Where y denotes the discount factor.

(18)

Using cumulative reward allows the controller to account for the future consequences of current decisions.
This is particularly important for BESS operation, because charging or discharging at one time step changes
the available energy in subsequent periods. A similar consideration applies to feeder restoration, where an
immediate switching action can influence the feasibility of later restoration decisions.

The PIRL controller employs a policy-gradient learning strategy. The topology-aware features obtained from
the graph convolution layers are combined with the current electrical state, BESS information, and feeder
topology before being processed by the policy network. The resulting policy produces control decisions for
DG reactive-power regulation, BESS operation, and feeder switching.
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The learning cycle follows a sequential process. The agent first observes the ADN state, generates an action,
applies the corresponding control decision, evaluates the resulting network condition, and receives the
associated physics-informed reward. The policy parameters are then updated based on the obtained learning
signal.

The network architecture contains two graph convolution layers followed by a fully connected policy
network. The graph layers capture information exchange between electrically connected buses, while the
policy network transforms the resulting representation into the required control decisions.

Physics-Informed Reward Design

A central element of the proposed framework 1s the incorporation of physical operating information into the
learning signal. Without such guidance, the agent may explore actions that produce high short-term rewards
but are undesirable from an electrical-system perspective. Examples include excessive network losses,
voltage-limit violations, unnecessary switching, or increased ENS during restoration.

To reduce this problem, the PIRL reward considers network loss, voltage deviation, ENS, and switching
requirements simultaneously:

1t = —(aPyoss + BVioss + YENS + 6SVVpen) (19)

The reward formulation therefore links the learning objective directly to the operational performance of the
distribution network. Actions producing acceptable voltage conditions, lower losses, reduced unsupplied
energy, and fewer unnecessary switching operations receive more favorable learning feedback.

This mechanism also reduces the exploration of undesirable operating regions. Rather than allowing the
learning agent to evaluate actions independently of the physical behavior of the ADN, the reward provides
explicit information about the electrical consequences of the selected control strategy (Li & Xu, 2024), (Yin
et al., 2025).

Physics-Constrained Action Evaluation

Each candidate action generated by the PIRL controller is evaluated using the current operating condition of
the distribution network. The action specifies the DG reactive-power output, BESS charging or discharging
decision, and feeder switching status. The resulting network state is then evaluated through power-flow
analysis.

The feasibility of the action is determined according to the voltage, feeder thermal, power-balance, and
BESS SOC constraints defined in (4)-(7). If the selected action produces an undesirable electrical condition,
the corresponding penalty is incorporated into the physics-informed reward.

The action evaluation process can be represented as:
ar—power-flow evaluation— constraint checking—r;

where a; denotes the control action generated by the agent and 7; represents the resulting physics-informed
reward.

This process establishes a direct connection between the learned policy and the electrical behavior of the
ADN. During a feeder contingency, the same evaluation procedure is applied using the post-fault topology.
Consequently, switching and DG-BESS decisions are assessed according to the network configuration that
actually exists at the corresponding decision step.

Overall PIRL Procedure

The complete PIRL procedure can therefore be viewed as a sequence of topology identification, feature
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extraction, state observation, control generation, physical evaluation, and policy updating.

The graph component captures the structural characteristics of the ADN. The reinforcement learning
component converts the observed network condition into coordinated DG-BESS and switching decisions.
The physics-informed mechanism evaluates the electrical consequences of these decisions and supplies the
corresponding learning feedback.

Because the graph is updated when the feeder configuration changes, the controller can adapt its decision
process to renewable variability as well as to post-fault topology changes. The overall sequence is presented

in Figure 1.

Initialization and Graph Construction
* Read network data (IEEE 33-bus)

1 « Model ADN as a graph G = (V, E)

* Build adjacency matrix

« Initialize node features

¥
Observe System Operating States
2 * Collect network measurements (voltage, power flow, DG, BESS, load, topology) [
« Form the state vector
¥

Graph Feature Extraction
3 * Apply graph convolution
+ Obtain topology-aware features

¥

PIRL Decision Generation
* Determine control actions
* DG reactive power control
* BESS scheduling
* Feeder switching / reconfiguration

¥

Power Flow Analysis
5 * Run MATPOWER load flow
¢ Check operational constraints (voltage limits, line loading, feasibility)

¥
Reward Calculation
6 « Evaluate operating performance
« Consider power loss, voltage deviation, ENS and switching penalty
v
Policy Network Update
) * Update actor-critic parameters

* eg, PPO/DDPG

Convergence Evaluation
8  Maximum episodes reached
or performance satisfied?

Resilient Self-Healing Operation
+ Fault detection and isolation

9 * Feeder reconfiguration

* Coordinated DG/BESS support

¢ Critical load restoration

v
Output
10 * Provide restored load, resilience index, voltage recovery, restoration time,
network loss and ENS
End

Figure 1. Flowchart of the proposed PIRL

RESULTS AND DISCUSSION

Simulation Setup

The proposed framework is assessed using the IEEE 33-bus active distribution network (ADN). Three PV-
based distributed generation units are integrated at buses 6, 18, and 30, while BESS units are installed at
buses 14 and 25. In addition, controllable tie-switches are incorporated into the network to support feeder
reconfiguration when abnormal operating conditions occur. The system has a total demand of 3.72 MW and
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2.30 MVAr, and the installed PV generation corresponds to a penetration level of 42% relative to the total
load. Each BESS is rated at 500 kWh with a charging and discharging efficiency of 95%.

For the learning process, the PIRL agent is trained for 1000 episodes using an adaptive policy optimization
strategy. The learning structure comprises two graph convolutional layers connected to a fully connected
policy network. Through topology-aware feature aggregation, the model captures the relationships between
electrically interconnected buses and incorporates these relationships into the decision-making process. The
main simulation and learning settings are listed in Table 1.

Table 1. Simulation Parameters of the Proposed PIRL Framework

Parameter Value
Test system IEEE 33-bus ADN
Total load demand  |3.72 MW, 2.30 MVAr
PV penetration 42%
Number of PV units 3
PV locations Buses 6, 18, and 30
Number of BESS units 2
BESS locations Buses 14 and 25
BESS capacity 500 kWh
Voltage limits 0.95-1.05p.u
BESS SOC limits 20 - 90%
BESS efficiency 95%
Training episodes 1000
Learning rate 0.0005
Discount factor 0.98
Graph convolution layers 2
Policy network Fully connected

The selected configuration enables the proposed approach to be examined under operating conditions
involving distributed renewable generation, energy storage, and network topology changes. The PV units
introduce variability in renewable power availability, whereas the BESS units provide controllable energy
resources for balancing and restoration support. Meanwhile, the controllable tie-switches allow the learning
agent to modify feeder connectivity when required, thereby providing an operational mechanism for
adaptive network restoration and resilient operation.

Because reinforcement learning is sensitive to random initialization and exploration, each learning
configuration is trained using multiple independent random seeds. The reported performance metrics are
obtained from the independent runs and are presented as mean + standard deviation. The same number of
independent runs and the same training budget are used for all learning-based benchmark methods to ensure
a consistent comparison.
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Contingency and Uncertainty Scenarios

Four representative scenarios are considered by combining PV variability, load changes, and feeder
contingencies. Following each fault, the affected section is isolated and feeder reconfiguration is performed
using available tie-switches, with DG and BESS providing additional support. The same scenarios and
training conditions are applied to all methods.

Table 2. Contingency and Uncertainty Scenarios

ScenarioFaulted Branch PV ConditionLoad Condition
S1 9-10 100% 100%
S2 14-15 60% 120%
S3 19-20 90% 100%
S4 25-26 40-90% 130%

Voltage Regulation Performance

Voltage regulation is evaluated under the four operating scenarios in Table 2, which combine feeder faults
with different PV penetration levels and load conditions. Figure 2 presents the voltage profiles of the IEEE
33-bus system for the four control methods. The voltage limits are maintained at 0.95-1.05 p.u.

Table 3. Voltage Regulation Performance

Method Minimum Voltage (p.u.)Maximum Voltage Deviation (p.u.)Within Limits (%)
DRL-based 0.951 0.049 89.6
Graph-Based Volt-VAR 0.958 0.042 94.8
PI-MADRL 0.968 0.032 97.5
PIRL 0.976 0.024 99.1

Voltage Profile Comparison under Different Control Methods

52
o
P

Voltage Magnitude (p.u.)
o -
0 o
o o

—e— DRL-based (Vmin = 0.951 p.u.)
~#- Graph-Based VoIt-VAR (Vmin = 0.958 p.u.)
0.96 { =#= PI-MADRL (Vmin = 0.968 p.u.)
=4— PIRL (Vmin = 0.976 p.u.)

—==- Upper limit = 1.05 p.u.

L 5 e 3 L L P | e b s e -EEE-33-bus ABN 1 Yoltage range: 0:95=1-05p:u.~

5 3 5 7 9 13 13 15 17 19 21 23 25 27 29 31 33
Bus Number

Figure 2. Voltage profile comparison under different control methods.

As shown in Figure 2, the DRL-based method exhibits the largest voltage drop toward the downstream
buses, with a minimum voltage of 0.951 p.u. Graph-Based Volt-VAR improves the profile to 0.958 p.u.,
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while PI-MADRL achieves 0.968 p.u. The proposed PIRL provides the highest minimum voltage of 0.976
p.u. and maintains a smoother voltage profile along the feeder.

These results are consistent with Table 3, where the maximum voltage deviation decreases from 0.049 p.u.
for DRL-based control to 0.042, 0.032, and 0.024 p.u. for Graph-Based Volt-VAR, PI-MADRL, and PIRL,

respectively. The percentage of operating points within the allowable voltage range increases from 89.6% to
94.8%, 97.5%, and 99.1%.

The improved performance of PIRL is attributed to the combined consideration of network topology, DG-
BESS coordination, and feeder reconfiguration. This enables the controller to respond more effectively to
PV fluctuations, increased loading, and post-fault topology changes, thereby improving voltage security

during both normal and contingency conditions.

Network Power Loss Reduction

Total network power loss is used to evaluate the operating efficiency of the IEEE 33-bus ADN under the
considered operating conditions. The comparison is performed using the same PV, load, and contingency

scenarios for all control methods.

Table 4. Network Power Loss Comparison

Method Power Loss (kW) | Loss Reduction (%)
DRL-based 160.4 26.0
Robust DG-BESS 145.8 32.7
Graph-Based Volt-VAR 131.6 39.3
PIRL 121.3 44.0
250 A - 60
] Power Loss (kW)
[ Loss Reduction (%)
- 50
200 44.0
s 160.4 39.3 - 40 &
A 145.8 =
= 13509 32.7 S
2 131.6 £
3 121.3 L 30 3
= 26.0 S
v (a4
g 100 + A
P - 20 <
50 + - 10
O e T T T ()
DRL-based Robust DG-BESS Graph-Based PIRL
Volt-VAR
Control Method

Figure 3. Network power loss comparison under different control methods.
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As shown in Table 4 and Figure 3, the DRL-based method results in a network loss of 160.4 kW,
corresponding to a 26.0% reduction from the base case. Coordinating DG and BESS reduces the loss further
to 145.8 kW, while the Graph-Based Volt-VAR method achieves 131.6 kW.

The proposed PIRL framework obtains the lowest loss of 121.3 kW, representing a 44.0% reduction. This
improvement is mainly associated with topology-aware decision making and coordinated DG-BESS
operation, which enable more effective power-flow redistribution under varying generation, loading, and
network configurations. The results also indicate that improved voltage regulation and reduced feeder
loading contribute jointly to the reduction in network losses.

Resilient Self-Healing Performance

The restoration time T rec is measured from the fault occurrence instant to the first time instant at which the
interrupted loads are fully restored and all operating constraints are simultaneously satisfied. In the present
study, the feeder fault is introduced at t = 4 h; therefore, the restoration time reported in Table 5 represents
the elapsed post-fault time rather than the absolute simulation time.

Table 5 Figure 4 presents the load restoration trajectories following the feeder fault. The Hybrid DL, DRL-
based, and PI-MADRL methods restore the interrupted load within 30, 23, and 18 min, respectively. The
proposed PIRL framework completes the restoration in 13 min, indicating a faster response to the post-fault
network condition.

Table 5. Self-Healing Restoration Performance

Method Restoration Time (min) | ENS (kWh) | Resilience Index
Hybrid DL 30 205 0.84
DRL-based 23 150 0.89
PI-MADRL 18 105 0.93
PIRL 13 72 0.96
100 f-=mn=mmm=mmmmmmmmmmm e
80 -
g
?é 60 -
L
20 1 —e— Hybrid DL (30 min)
DRL-based (23 min)
== P|-MADRL (18 min)
—e— PIRL (13 min)
O T T T T T T
0 5 10 15 20 25 30 35

Time after feeder fault (min)

Figure 4. Self-healing load restoration performance under the feeder fault.
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The reduction in restoration time is accompanied by a decrease in ENS from 205 kWh for Hybrid DL to 72
kWh for PIRL. At the same time, the resilience index increases from 0.84 to 0.96, reflecting improved
recovery performance after the feeder outage.

The improved response of PIRL is mainly related to its topology-aware decision process and coordinated
DG-BESS operation. Following the fault, the controller can adapt the network configuration and utilize
distributed resources to support load restoration. This enables power to be redistributed through feasible
feeder paths while reducing the duration of supply interruption.

Overall, the results demonstrate that PIRL can provide faster and more effective load restoration under the
considered feeder contingency. The combination of adaptive topology handling and coordinated DG-BESS
support contributes to improved resilience and reduced energy interruption.

Learning Convergence Analysis

The convergence behavior of the three learning-based methods is evaluated over 1000 training episodes
under the same operating scenarios. Figure 5 shows the evolution of normalized cumulative reward during
training.

Table 6. Learning Convergence Comparison

Method | Stable Convergence Episode | Final Normalized Reward

DRL-based 760 0.78
PI-MADRL 610 0.86
PIRL 560 0.91

Learning Convergence Characteristics

1.0

Normalized Cumulative Reward

=== DRL-based (=760 episodes)
PI-MADRL (=610 episodes)
= PIRL (=560 episodes)

0- 0 T T T T T T T T T
0 100 200 300 400 500 600 700 800 900 1000

Training Episode

Figure 5. Learning convergence characteristics of different control methods.
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As shown in Figure 5, the DRL-based method requires approximately 760 episodes to reach a stable policy,
while PI-MADRL and PIRL converge at about 610 and 560 episodes, respectively. PIRL also achieves the
highest final normalized reward of 0.91.

The faster convergence of PIRL is mainly attributed to the combination of topology-aware state
representation and physics-informed reward guidance. The former captures network connectivity, while the
latter penalizes undesirable voltage, loss, ENS, and switching conditions during exploration. Consequently,
PIRL can reduce ineffective exploration and learn a stable control policy with fewer training episodes.

For comparison across learning configurations, the cumulative episode reward is normalized using the
predefined reward range obtained from the training environment. The normalized reward is reported on a
dimensionless scale, where higher values indicate better overall operating performance. The same
normalization procedure is applied to all benchmark methods.

Ablation Analysis of PIRL Components

To further examine the contribution of the main mechanisms incorporated into the proposed PIRL
framework, a component-based analysis is conducted using the control methods already considered in this
study. The comparison focuses on the progressive inclusion of learning capability, topology-aware
information, physics-informed decision guidance, and coordinated DG-BESS operation. The DRL-based
method is used as the conventional learning-based reference, while Graph-Based Volt-VAR represents
topology-aware control. PI-MADRL provides a physics-informed multi-agent learning reference, and
Robust DG-BESS represents coordinated distributed-resource operation. The complete PIRL framework
integrates these control characteristics together with adaptive feeder reconfiguration.

All methods are evaluated using the same IEEE 33-bus distribution network, operating constraints, PV and
load conditions, and contingency scenarios described previously. The same performance indicators are
considered, including restoration time, energy not supplied (ENS), network power loss, and resilience index.
This common evaluation procedure allows the effect of the additional mechanisms incorporated in PIRL to
be examined without changing the underlying test environment.

The analysis is summarized in Table 7. The DRL-based method provides the reference learning-based
performance without the explicit graph-based and physics-informed mechanisms used by PIRL. Graph-
Based Volt-VAR introduces network-structure information into the control process, whereas PI-MADRL
represents the physics-informed learning approach considered in the study. Robust DG-BESS explicitly
emphasizes coordinated operation of distributed generation and battery storage. PIRL combines these
aspects within a unified topology-aware and physics-informed reinforcement-learning framework.

Table 7. Component-Based Analysis of the Considered Control Methods

Method | Learning- | Topology | Physics- DG-BESS | Restoration | ENS | Power | Resilience
Based Awareness | Informed | Coordination | Time (min) [(kWh)| Loss Index
Control Guidance (kW)
Hybrid v - - - 30 205 — 0.84
DL
DRL- v — — — 23 150 | 160.4 0.89
based
Robust - - - V4 — — 145.8 —
DG-BESS
Graph- v v - — — — | 131.6 —
Based
Volt-VAR
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4 — v — 18 105 — 0.93

4 4 v v 13 72 | 121.3 0.96

Discussion

The results in Table 7 indicate that the performance improvement of PIRL is associated with the combined
use of the mechanisms incorporated in the proposed framework. The DRL-based method requires 23 min for
restoration, with an ENS of 150 kWh and a resilience index of 0.89. Incorporating topology-aware control
through the Graph-Based Volt-VAR approach reduces the network power loss to 131.6 kW, compared with
160.4 kW for the DRL-based method. The PI-MADRL method further demonstrates the benefit of physics-
informed learning, achieving a restoration time of 18 min, an ENS of 105 kWh, and a resilience index of
0.93.

The Robust DG-BESS result also confirms the importance of coordinated distributed-resource operation,
reducing the network power loss to 145.8 kW. In the proposed PIRL framework, topology-aware learning,
physics-informed guidance, coordinated DG-BESS operation, and feeder reconfiguration are integrated
within the same decision-making process. Consequently, PIRL achieves 13 min restoration time, 72 kWh
ENS, 121.3 kW network power loss, and a resilience index of 0.96.

These comparisons suggest that the performance of PIRL does not originate from reinforcement learning
alone. Rather, the results support the importance of incorporating network topology, physical operating
information, and coordinated DG-BESS control into the learning-based restoration process. The proposed
framework therefore provides a unified approach for adapting the control policy to changing feeder
configurations and renewable operating conditions.

Training and Inference Efficiency

Beyond control quality, computational efficiency is important for practical deployment in active distribution
networks. The learning models are trained offline, whereas the trained policy is executed online to determine
control actions from the current network state. Therefore, training and inference times are evaluated
separately.

As summarized in Table 8, the DRL-based method requires 56.4 = 1.8 min for training and converges after
approximately 780 episodes. PI-MADRL reduces the training time to 49.8 £ 1.5 min and converges at 630
episodes. PIRL requires 45.6 = 1.3 min and reaches stable convergence after approximately 560 episodes.
Although PIRL has a slightly higher inference time of 12.4 £ 0.6 ms due to its topology-aware processing,
this computational requirement remains suitable for online control.

Table 8. Computational Performance

Method Training Time (min) | Stable Convergence (episodes) | Inference Time (ms)

DRL-based 564+ 1.8 780 7.8+0.4
PI-MADRL 49.8 £ 1.5 610 10.6 £0.5
PIRL 45.6+1.3 560 12.4+£0.6

The results indicate a trade-off between training efficiency and online inference cost. PIRL requires slightly
more computation during inference because of its structured network representation, but it achieves faster
policy convergence and lower overall training time. The inference time of 12.4 ms is sufficiently small
compared with typical distribution-network control intervals, supporting the feasibility of PIRL for near-
real-time adaptive operation.
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DISCUSSION

The results indicate that PIRL improves the overall operational and resilience performance of the renewable-
integrated ADN rather than optimizing a single operating criterion. The proposed framework achieves
improved voltage security, lower network losses, and faster post-fault restoration, while requiring fewer
training episodes to obtain a stable policy.

The main advantage stems from the integration of topology-aware representation and physics-informed
decision guidance. The former enables the agent to capture changes in feeder connectivity, particularly after
fault isolation and reconfiguration, whereas the latter directs the learning process toward electrically feasible
operating states. Coordinated DG-BESS control then provides the flexibility required to regulate voltage,
redistribute power flows, and support load restoration.

Importantly, the consistent improvement across voltage regulation, loss reduction, self-healing, and
convergence suggests that these components act synergistically rather than independently. Thus, PIRL
provides a unified control framework capable of adapting to renewable variability and changing network
configurations while maintaining the essential operating requirements of the ADN.

Scope and Practical Interpretation

The results presented in this study constitute a simulation-based evaluation of the proposed learning
framework rather than a field demonstration of autonomous distribution-system self-healing. The IEEE 33-
bus network, renewable profiles, load variations, feeder contingencies, and switching operations are
represented in a simulation environment, and the reported restoration performance therefore demonstrates
the capability of the proposed controller under the considered modeled conditions.

In particular, the reported restoration time represents the control and network-restoration response within the
simulation environment and does not include physical protection-device operation, communication delays,
field switching delays, cyber-security constraints, or hardware-in-the-loop effects. Therefore, the results
should be interpreted as evidence of the feasibility and potential of the proposed PIRL framework for
resilient ADN operation rather than as direct validation of autonomous field deployment.

Further validation using larger distribution networks, real feeder measurements, hardware-in-the-loop
experiments, and realistic protection and communication models would be required before practical
deployment.

CONCLUSION

The proposed PIRL framework provides a simulation-based approach for resilient operation and adaptive
restoration of renewable-integrated active distribution networks. By combining topology-aware graph
representation, physics-informed reward guidance, coordinated DG-BESS control, and feeder
reconfiguration, the framework links reinforcement-learning decisions with the electrical and structural
characteristics of the distribution network. The IEEE 33-bus simulation results indicate that the proposed
approach can maintain improved voltage performance, reduce network losses, and accelerate load
restoration under the considered combinations of PV variability, load changes, and feeder contingencies. The
restoration analysis further shows that the coordinated use of network reconfiguration and distributed energy
resources can reduce ENS and improve the calculated resilience index. Nevertheless, these results represent
a simulation-based proof of concept rather than a field demonstration of autonomous self-healing. The
present study is limited to the IEEE 33-bus system and does not explicitly model physical protection
coordination, communication delays, hardware switching constraints, or hardware-in-the-loop operation.
Future work will therefore focus on larger-scale distribution systems, broader uncertainty conditions,
independent multi-run statistical evaluation, and experimental or hardware-in-the-loop validation. Overall,
the study demonstrates the potential of topology-aware and physics-informed reinforcement learning as a
unified decision-making framework for resilient operation of renewable-rich active distribution networks.
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